[1] The climatology, seasonality, and intraseasonal to interannual variability of the temperature field near the cold-point tropopause (CPT) are examined using the state-of-the-art climate models that participated in the Coupled Model Intercomparison Project Phase 5 (CMIP5). Both historical simulations and future projections based on the Representative Concentration Pathway (RCP) 8.5 scenario are used to evaluate model performance and to identify potential changes at the CPT focusing on the 100 hPa and zero-lapse-rate (ZLR) temperatures. It is found that historical simulations successfully reproduce the large-scale spatial structure and seasonality of observed temperature and reasonably capture variability associated with El Niño-Southern Oscillation and equatorial waves near the CPT. However, the models show nonnegligible biases in several aspects: (1) most models have a warm bias around the CPT, (2) large intermodel differences occur in the amplitude of the seasonal cycle in 100 hPa temperature, (3) several models overestimate lower stratospheric warming in response to volcanic aerosols, (4) temperature variability associated with the quasi-biennial oscillation and Madden-Julian oscillation is absent in most models, and (5) equatorial waves near the CPT exhibit a wide range of variations among the models. In the RCP 8.5 scenario, the models predict robust warming both at the 100 hPa and ZLR levels, but cooling at the 70 hPa level. A weakened seasonal cycle in the temperature is also predicted in most models at both the 100 and 70 hPa levels. These findings may have important implications for cross-tropopause water vapor transport and related global climate change and variability.
Introduction
[2] The interface between the tropical troposphere and stratosphere is known to occur over a broad region instead of at a single level [e.g., Highwood and Hoskins, 1998; Gettelman and Forster, 2002; Fueglistaler et al., 2009] . This so-called tropical tropopause layer (TTL) of~5 km depth is integral to stratosphere-troposphere exchange, serving as a dominant pathway for chemical constituents entering the stratosphere. As such, the dynamics and thermal characteristics of the TTL are important in determining stratospheric composition, affecting radiative and dynamical properties at both stratospheric and tropospheric levels [e.g., Shindell et al., 2001; Gillett and Thompson, 2003; Solomon et al., 2010] . In particular, the coldest level in the TTL, the cold-point tropopause (CPT), is known to play a crucial role in stratosphere-troposphere exchange [Holton et al., 1995] . The CPT temperature largely determines the concentration of water vapor in the lower stratosphere [e.g., Mote et al., 1996] , which serves as a key radiative constituent for surface climate [Forster and Shine, 2002; Solomon et al., 2010] .
[3] The CPT is often considered to be the top of the TTL [Gettelman and Forster, 2002] , and its thermal characteristics are well documented in observations. The climatology, seasonal cycle, and intraseasonal to interannual variability have been widely examined using radiosondes [Randel et al., 2000; Seidel et al., 2001] and satellite data, such as GPS radio occultation measurements [Randel et al., 2003; Randel and Wu, 2005; Grise et al., 2010; Kim and Son, 2012; Tian et al., 2012] . The structure of the CPT has been also documented using coarser resolution (re)analysis data [Highwood and Hoskins, 1998; Randel et al., 2000; Fueglistaler et al., 2009] . These studies have motivated numerous theoretical investigations into the physical and dynamical processes operating at the CPT (see recent review by Fueglistaler et al. [2009] ).
[4] The representation of the thermal characteristics of the CPT in climate models is varied. Chemistry climate models (CCMs), which have model tops near and above the mesopause and interactively calculate stratospheric chemistry, provide reasonable representations of the observed CPT temperature [Gettelman et al., 2009 [Gettelman et al., , 2010 Fujiwara et al., 2012] . In contrast, the coupled models that participated in the third phase of the Coupled Model Intercomparison Project (CMIP3) exhibit large biases in temperatures in the TTL and tropical lower stratosphere [Cordero and Forster, 2006] , although the detailed spatiotemporal structure of the CPT properties in these models has not been reported. Regardless of model biases, most climate models predict a significant warming in the TTL and cooling in the lower stratosphere in response to increasing greenhouse gas concentrations [Austin and Reichler, 2008; Son et al., 2009b] . A significant warming of the CPT temperature is also predicted in CCM scenario integrations [Gettelman et al., 2009 [Gettelman et al., , 2010 .
[5] Extending and updating previous studies, the present study documents the thermal characteristics of the CPT region in coupled models from the fifth phase of the Coupled Model Intercomparison Project (CMIP5) for both present and future climates. The CMIP5 models have improved physics and higher resolutions than previous generations of coupled models. The increased vertical resolution in the stratosphere and higher model tops suggest that the CMIP5 models may have a more realistic representation of the stratosphere. In fact, Charlton-Perez et al. [2013] have shown that the CMIP5 models simulate a more realistic stratospheric mean state and variability than the CMIP3 models, especially in those models with higher model tops. Although their findings could imply a realistic representation of the CPT in CMIP5 models, a detailed investigation of the model biases at the CPT has not been performed. Given the importance of the CPT to cross-tropopause tracer transport and related processes, the models' representation of the CPT (and how it is projected to change in the future) has important implications for the broader climate system.
[6] Below, we examine the climatology, seasonal cycle, and intraseasonal to interannual variability of the CPT (or near-CPT) temperature field in CMIP5 models. Emphasis is placed on the temperature at the 100 hPa and zero-lapse-rate (ZLR) levels. Although the 100 hPa level is somewhat lower than the observed cold-point tropopause (which is typically located around 80-100 hPa [Kim and Son, 2012] ), this level has been widely used to characterize the CPT temperature in reanalysis data and climate models [e.g., Fueglistaler et al., 2009; Fujiwara et al., 2012] . Following Gettelman et al., 2009, we also examine the ZLR level. The ZLR level is not fixed to the 100 hPa level and allows for a spatially and temporally varying CPT height in a coarse vertical resolution temperature profile (see APPENDIX A).
[7] Unlike Charlton-Perez et al.
[2013], a direct comparison to the CMIP3 models is not attempted in this study. This is because the CMIP3 and CMIP5 models are not only different models, but they are also forced by different external forcings. For instance, about half of the CMIP3 models omitted stratospheric ozone depletion between the 1970s and 1990s [Son et al., 2009a] , while all the CMIP5 models are forced with observed ozone depletion [Taylor et al., 2012] . Aerosol forcings are also different between the two data sets. As a result, attribution of intermodel differences is quite challenging. Thus, for the CMIP3 model results, we refer readers to previous studies [Cordero and Forster, 2006; Son et al., 2009b] .
[8] This paper is organized as follows. Section 2 describes the models and observational data used in this study. Section 3 documents the climatology, seasonal cycle, interannual variability, and intraseasonal variability of temperatures near the CPT in the CMIP5 models over the period and compares the results to reanalysis data. Section 4 documents projected temperature changes near the CPT in CMIP5 models over the 21st century. Section 5 summarizes the results and discusses their implications.
Data and Methods
[9] The primary data used in this study are temperature and outgoing longwave radiation (OLR) from 16 CMIP5 models for monthly mean fields and 12 CMIP5 models for daily mean fields, which were the only models available when we conducted our analysis (Table 1) . It is important to note that each model is different in many aspects. The models have varied horizontal and vertical resolutions and employ different model tops. For instance, six models have a model top in the upper mesosphere (referred to herein as "high-top models"), and ten models have a model top in the stratosphere (referred to herein as "low-top models"). The models also employ different model physics and parameterizations (e.g., cumulus parameterization and gravity wave parameterization). Although most models are driven by similar external forcings, the external forcings themselves are not exactly same (e.g., volcanic aerosols are absent in some models). Additionally, the sea surface temperatures vary among the models as they are directly simulated by the associated ocean model. More details are described in Taylor et al. [2012] and the references therein.
[10] With the above intermodel differences in mind, both historical simulations and future projections are analyzed. The historical simulations model the past climate using observed atmospheric composition changes from anthropogenic and natural emissions. The future projections used in this study model the future climate using the representative concentration pathway (RCP) 8.5 scenario, which gives roughly 8.5 W m
À2
of radiative forcing at the end of 21st century [Taylor et al., 2012] . We analyze the historical simulations over the period 1979-2005 and the future projections over the period 2006-2099. Only the first ensemble member is used for each model if multiple ensemble members are available. The multimodel ensemble mean is obtained by simply averaging over the models without any weight. The ensemble mean pattern is constructed after interpolating each model's data to 1.5°× 1.5°resolution.
[11] The CMIP5 models provide output on either model levels or interpolated pressure levels. To allow for a systematic analysis of all models, only pressure-level data are used in this study. Although the pressure levels are too sparsely separated (e.g., 200, 150, 100, 70 , and 50 hPa in the upper troposphere and lower stratosphere) to capture fine-scale vertical features near the CPT, the 100 hPa level provides the closest approximation to the spatial and temporal characteristics of the CPT. The ZLR level is also examined to allow for a temporally varying CPT height (i.e., an approximation for the CPT height which is not fixed to a certain level).
The ZLR level is calculated in the same way as the lapse-rate tropopause defined in Reichler et al. [2003] , except using the threshold of 0 K km À1 and minimum temperature criterion. The temperature at the ZLR level is estimated from the coldest temperature at the provided data levels (generally the 100 hPa temperature in this study) by using the linearly interpolated lapse rate. Further details are described in APPENDIX A.
[12] The CMIP5 output is supplemented with temperature and zonal wind from the European Centre for MediumRange Weather Forecasts (ECMWF) interim reanalysis (ERAI) [Dee et al., 2011] , outgoing longwave radiation (OLR) from the National Oceanic and Atmospheric Administration (NOAA) interpolated OLR data set [Liebmann and Smith, 1996] , and the Niño 3.4 index from the Climate Prediction Center (CPC). These reference Figure 1 . (a) Annual mean climatology of tropical mean (15°S-15°N) temperature profiles from CMIP5 models and ERAI. (b) Differences of the temperature profiles from ERAI. Open circles denote low-top models and filled circles denote high-top models. Gray shading is one standard deviation of annual mean temperature from ERAI. The 99% confidence levels for individual models are roughly 0.3 K in the troposphere and 0.5 K in the stratosphere based on Student's t test. data are compared with the CMIP5 output over the period 1979-2005. 3. Historical Simulations: 1979 Simulations: -2005 [13] In this section, we examine the temperature field near the CPT as simulated by the CMIP5 historical runs and document the biases (as compared to ERAI). The results are divided into four parts: (1) climatology, (2) seasonal cycle, (3) interannual variability, and (4) intraseasonal variability. As noted above, the climatology is defined by the longterm mean over 1979-2005. 
Climatology
[14] Climatological temperature profiles, averaged over 15°S-15°N, are presented in Figure 1a for individual models and ERAI. Overall, the models perform well in simulating general characteristics of the observed profile. All models show decreasing temperature with height up to the 100 hPa level and increasing temperature with height in the lower stratosphere. As in ERAI, the temperature minimum in most models is located at 100 hPa; only one model (out of 16 models) shows the coldest temperature at 70 hPa.
[15] Figure 1b shows the biases of each model in comparison to ERAI. The multimodel mean (thick red line) exhibits a notable warm bias at 100 hPa and a cold bias in the upper troposphere [see also Charlton-Perez et al., 2013] , indicating that the modeled TTL is more stable than that in ERAI. The temperature biases, however, vary widely among the models. This is particularly true in the stratosphere. Although it is difficult to generalize due to a small sample size, temperature biases in the lower stratosphere are somewhat smaller in the models with a higher model top. This is likely due to a better representation of the stratospheric physics and dynamics in the high-top models [Charlton-Perez et al., 2013] .
[16] The nature of the model biases is difficult to discern. One may hope to gain some insight by comparing pairs of runs from the same model. An example is the sensitivity to the model resolution. IPSL-CM5A-MR has higher horizontal resolution than IPSL-CM5A-LR (Table 1) and experiences a unique warm bias in the tropical troposphere. This is in contrast to the MPI-ESM models with varying vertical resolution (MPI-ESM-LR and MPI-ESM-MR), which have virtually identical temperature biases. At first glance, these results suggest that tropical temperature is more sensitive to a model's horizontal resolution than to its vertical resolution. However, on closer inspection, this interpretation is misleading because IPSL-CM5A-MR and IPSL-CM5A-LR also have different ocean albedos: the former has a lower surface albedo, likely causing warmer temperatures in the tropical troposphere [Dufresne et al., 2013] . Likewise, the MPI-ESM models are tuned in slightly different ways (B. Stevens et al., The atmospheric component of the MPI-M Earth System Model: ECHAM6, submitted to Journal of Geophysical Research, 2013). Thus, to identify the source(s) of model biases, more systematic sensitivity tests are required.
[17] Figure 2 documents the horizontal structure of the climatological temperatures at the 100 hPa and ZLR levels in both the CMIP5 models and ERAI. While the multimodel ensemble temperature patterns (Figures 2b and 2d) show a clear warm bias in the deep tropics (consistent with Figure 1b ), they resemble the ERAI climatology remarkably well. The pattern correlation coefficient between 100 hPa temperatures from ERAI and multimodel ensemble is~0.96 over 15°N-15°S. By construction, the ZLR temperatures are slightly colder than the 100 hPa temperatures, but the spatial patterns are almost identical. The pattern correlation coefficient of the ZLR temperatures is comparable (~0.97) with that of the 100 hPa temperatures.
[18] The horizontal temperature structure near the tropical tropopause is known to be controlled by tropical deep convection Sherwood et al., 2003; Kuang and Bretherton, 2004] and the associated large-scale equatorial wave response to the latent heating [Highwood and Hoskins, 1998; Fueglistaler et al., 2009] . Hence, the realistic temperature distribution in the CMIP5 models suggests that equatorial deep convection is reasonably well located to reproduce the large-scale equatorial wave response. This is supported by the multimodel ensemble OLR field (white contours in Figures 2b), which has a spatial distribution very similar to that of the observations (white contours in Figures 2a) . Nevertheless, given the role of deep convection in cooling the tropical tropopause region [Sherwood, 2000; Kuang and Bretherton, 2004] , the warm bias in the 100 hPa and ZLR temperature fields suggests that the intensity of the convection might be underestimated in the models (see also positive biases in the model OLR field in Figure 2 ).
[19] The climatological temperature structures in the individual models are summarized in the Taylor diagram in Figure 2e . Results are only shown for 100 hPa temperatures as nearly identical results are found using ZLR temperatures. In a Taylor diagram, the radial distance from the origin measures the standard deviation of each model field normalized by that of a reference field (i.e., amplitude of the pattern with respect to that of ERAI), the azimuthal position measures the correlation of each model field with the reference (i.e., similarity of the pattern to that of ERAI), and the gray concentric lines measure the RMS error of each model from the reference field. Here, standard deviations and correlations are calculated over the 15°S-15°N domain for the 27 year annual climatology. By definition, the reference state (ERAI) is marked by a radial and azimuthal value of 1 (black square in Figure 2e ). Although the majority of the CMIP5 models possess larger spatial variability than ERAI (i.e., radial values greater than 1), the annual mean 100 hPa temperature pattern in each of the models is highly correlated with that of ERAI. Only two models have somewhat weaker spatial correlations. In these models, the location of the temperature minimum over the western Pacific Ocean is displaced westward, while the region of minimum OLR is located over the Maritime Continent as in observations (see also Figure  S1 in the supporting information).
Seasonal Cycle
[20] The seasonal cycle is a major contributor to variability in the TTL, and the reproduction of the seasonal cycle at the CPT is crucial for the accurate simulation of stratosphere-troposphere exchange in climate models. The seasonal cycle of the CPT is commonly linked to the seasonal cycle in upwelling in the same region [e.g., Rosenlof, 1995; Randel et al., 2008; Garny et al., 2011] . Thus, any errors in a model's representation of the seasonal cycle in CPT temperatures might indicate potential biases in its representation of the stratospheric Brewer-Dobson circulation (BDC).
[21] Figure 3a shows the average seasonal cycle of tropical mean temperature at 100 hPa for the CMIP5 models and ERAI. The seasonal cycle in ERAI has sizeable amplitude (~4 K) with the coldest temperature occurring in Northern Hemisphere winter. The multimodel ensemble mean captures the correct phase of the observed seasonal cycle but has slightly smaller amplitude (~3 K) compared to that of ERAI.
[22] The majority of the CMIP5 models capture the phase of the seasonal cycle in the 100 hPa temperature, but the amplitude of the seasonal cycle varies widely among models. In fact, three models exhibit essentially no seasonal cycle with the coldest temperatures occurring in May (Table 2 ). Intermodel differences in the seasonal cycle are substantially reduced when the ZLR temperature is used instead of the 100 hPa temperature (Figure 3b ). Using the ZLR temperature is particularly advantageous for four CMIP5 models (BNU-ESM, CCSM4, NorESM1-M, and IPSL-CM5A-MR), which have colder tropical temperatures at 70 hPa than at 100 hPa during Northern Hemisphere winter. In these models, the ZLR temperature decreases more than the 100 hPa temperature does in winter (Figure 3b) as the ZLR pressure approaches the 70 hPa level (Figure 3c) . Overall, the individual CMIP5 models have seasonal cycles of amplitude 3-5 K at the ZLR level regardless of model configuration (e.g., vertical resolutions or model tops). These values are comparable to those calculated from CCMs [Gettelman et al., 2009 [Gettelman et al., , 2010 and from ERAI.
Interannual Variability
[23] Figure 4 shows the time series of annual mean 100 hPa temperature averaged over 15°S-15°N for the CMIP5 models and ERAI. Similar time series can be derived using the ZLR temperature. Both the CMIP5 models and ERAI experience large variability about the background climatology. The details of the interannual variability vary greatly among models. Here, we focus on assessing the models' ability to capture temperature variability associated with three key phenomena: tropical volcanic eruptions, the El Niño-Southern Oscillation (ENSO), and the quasi-biennial oscillation (QBO).
[24] Tropical volcanic eruptions inject sulfate aerosols into the tropical lower stratosphere, which produce a local warming via absorption of solar and infrared radiation [e.g., Stenchikov et al., 1998; Ramaswamy et al., 2001] . Two significant tropical volcanic eruptions occurred during the 1979-2005 period: El Chichón in 1982 and Pinatubo in 1991. In each case, warming is observed in the 100 hPa temperature (Figure 4 , ERAI time series) [see also Randel et al., 2000] . The volcanic warming signals are reproduced by most CMIP5 models that include volcanic forcing. However, the volcanic warming is largely overestimated in several models [see also Charlton-Perez et al., 2013] . Overestimated volcanic warming has also been found in CMIP3 models [Cordero and Forster, 2006] . , contour) and deseasonalized temperature (K, shading) averaged over the deep tropics, 10°S-10°N and (right) power spectra of 50 hPa zonal wind for (a) ERAI, (b) HadGEM2-CC, and (c) HadGEM2-ES. In the power spectrum, lower and upper dotted lines are 5% and 95% confidence bounds, and middle dotted line is a red noise spectrum.
[25] The strong El Niño event in 1997-1998 was associated with sizeable warming in the tropical upper troposphere and lower stratosphere (Figure 4 , ERAI time series) [see also Randel et al., 2004] . The 1997-1998 event is largely absent from the CMIP5 time series in Figure 4 because the models do not prescribe historical sea surface temperature forcing. Thus, to assess whether the interannual variability related to ENSO is realistic in each model, we regress 100 hPa temperatures onto a normalized Niño 3.4 index from each model for the Northern Hemisphere winter months. The Niño 3.4 index is computed by averaging each model's sea surface temperature over 120°W-170°W and 5°S-5°N region. The regression pattern for ERAI (Figure 5a ) reflects the large-scale atmospheric response to anomalous latent heating over the central-eastern tropical Pacific Ocean during El Niño: warming over the western Pacific Ocean and two off-equatorial lobes of cooling over the eastern Pacific Ocean at 100 hPa [Yulaeva and Wallace, 1994] . The observed regression pattern is largely reproduced by the ensemble mean of the CMIP5 models (Figure 5b ), although the ensemble mean response is weaker than that of ERAI. The longitudinal structure of the ENSO response is also well reproduced in all models except inmcm4, which has too weak ENSO variability (Figure 5c ). The vertical structure of the ENSO response is characterized by warming in the upper troposphere and cooling in the lower stratosphere [Randel et al., 2009; Calvo et al., 2010] . The pattern is well captured in the CMIP5 models, although the response is slightly larger in the models compared to that of ERAI especially in the stratosphere (Figure 5d ).
[26] The QBO induces interannual variability in temperature near the tropical tropopause as alternating westerly and easterly shear zones, which are respectively associated with warm and cold anomalies, are descending through the tropical stratosphere [e.g., Randel et al., 2000; Baldwin et al., 2001] . However, the effect is absent in most CMIP5 models. In fact, only two of the CMIP5 models, HadGEM2-CC and MPI-ESM-MR, show a realistic QBO. Although GFDL-CM3 also exhibits periodic downward propagation in the equatorial zonal wind, its period is too long (~3-4 years) and its magnitude is too weak in comparison to ERAI. To assess whether the QBO variability is realistic, Figure 6 compares the structure and periodicity of the zonal wind and deseasonalized stratospheric temperature anomalies in ERAI to those of (1) HadGEM2-CC (one of the CMIP5 models with a QBO) and (2) HadGEM2-ES (one of the CMIP5 models without a QBO). The observed tropical temperature anomalies are characterized by descending warm and cold regions, which are associated with westerly and easterly wind shears, with a periodicity of approximately 29.5 months (Figure 6 , top Figure 7 . Wavenumber-frequency power spectra of 100 hPa temperature from ERAI: (a) symmetric and (b) asymmetric parts. Frequency power spectra of the (c) symmetric and (d) asymmetric parts integrated over wavenumbers 1-10. Eastward-moving component is shown in symmetric part, and both eastward and westward moving components are shown in asymmetric part. Temperature data were filtered to frequencies greater than three cycles per year (periods less than~122 days) to remove seasonal cycle. Thick black lines denote ERAI, and thin lines denote individual CMIP5 models. Background spectrum of ERAI (thick gray line) is also presented as a reference. row). The HadGEM2-CC reproduces QBO-related temperature anomalies with slightly weaker strength and shorter period ( Figure 6 , middle row). In contrast, the HadGEM2-ES fails to capture the QBO temperature anomalies, and its tropical stratospheric zonal wind field is dominated by easterlies and a semiannual oscillation (Figure 6 , bottom row).
[27] The failure of most CMIP5 models to capture the QBO is not unexpected. Driving of the QBO depends in part on gravity waves and is thus highly sensitive to the gravity wave parameterization and background flow in climate models [e.g., Baldwin et al., 2001] . Between the HadGEM2-CC and HadGEM2-ES, only the former produces a QBO-like oscillation, and this is likely due to the fact that the HadGEM2-CC adopts a nonorographic gravity wave parameterization in a high-top configuration (whereas the HadGEM2-ES does not). Reasonably fine vertical resolution also seems to be important for the QBO simulation. Both the MPI-ESM-LR and MPI-ESM-MR employ nonorographic gravity wave parameterizations with a high-top configuration. But, only the model with a higher vertical resolution, MPI-ESM-MR, produces a realistic QBO. Recently, Schmidt et al. [2013] commented that fine vertical resolution (less than 1 km) in the stratosphere allows for a realistic representation of the vertical propagation and momentum deposition by the waves that drive the QBO. In fact, MPI-ESM-MR and HadGEM2-CC have a finer vertical resolution (~1 km) than MPI-ESM-LR and HadGEM2-ES, primarily at stratospheric levels [Martin et al., 2011; Schmidt et al., 2013] . Nonetheless, the characteristics of the QBO are sensitive to the parameters used in gravity wave parameterizations, which are highly variable among models. Further studies are needed to understand the required model components and parameters for resolving a realistic QBO.
Intraseasonal Variability
[28] Intraseasonal variability of the CPT temperature is largely driven by deep convection and the associated equatorial waves [e.g., Zhou and Holton, 2002; Randel and Wu, 2005; Son and Lee, 2007] . In this section, we use space-time spectral analysis [Wheeler and Kiladis, 1999] to examine the signature of the equatorial waves in the intraseasonal variability of 100 hPa temperature from ERAI and the 12 CMIP5 models with daily data (Table 1) . We filter the daily temperature data over 15°S-15°N to frequencies greater than three cycles per year (periods less than ~122 days) to focus on intraseasonal variability. Further details of the analysis follow Wheeler and Kiladis [1999] .
[29] The wavenumber-frequency spectra of the 100 hPa temperature from ERAI are shown in the left column of Figure 7 . The equatorially symmetric spectrum (Figure 7a ) is dominated by Kelvin waves (KW) [see also Suzuki and Shiotani, 2008; Kim and Son, 2012] , whereas the equatorially asymmetric spectrum (Figure 7b ) is dominated by mixed Rossby gravity waves (MRG) and eastwardpropagating inertio-gravity waves (EIG). The signatures of the observed wavenumber-frequency spectra are broadly captured by many CMIP5 models, but with nonnegligible biases in the power and phase speed of the individual wave types (see Figures S2 and S3) . To summarize this, the right column of Figure 7 shows the frequency power spectrum integrated over wavenumbers 1-10 for ERAI and the CMIP5 models (note that the horizontal axis is in a log scale.). For the symmetric component of the spectrum, only eastwardpropagating waves are considered (Figure 7c) , and both eastward-and westward-propagating waves are presented for the asymmetric component of the spectrum (Figure 7d ). The spectrum is not normalized in order to see the strength of the variability. Figures 7c and 7d show that the CMIP5 models have large intermodel differences in the amplitude of intraseasonal variability, although most CMIP5 models capture the KW, MRG, and EIG wave types to some degree ( Figures S2 and S3) .
[30] In several models, the symmetric component of the power spectrum exhibits harmonic behavior (e.g., CNRM-CM5 in Figure 7c ). This is caused by unrealistically persistent Kelvin waves in the models (see also Figure S4 ). The eastward-moving Kelvin waves encircle the globe with nearly regular period and increase in power at each harmonic. Interestingly, the Kelvin wave signatures are not readily apparent in the OLR field in the CMIP5 models (not shown). The persistent wave signatures are thus more likely due to free waves than to convectively coupled waves (although the free waves are initially forced by tropical deep convection as well). The enhanced persistence of the wave signatures might be linked to weak dissipation in the upper troposphere and lower stratosphere (e.g., weak vertical mixing), but further analyses are needed.
[31] It is also worth noting that the observed symmetric power spectrum shows noticeable power associated with the Madden-Julian oscillation (MJO), but the MJO power is weak and nondistinguishable from the KW power in most CMIP5 models. It is well known that the MJO is not successfully captured in most climate models, including those participating in CMIP3 [Lin et al., 2006] and CMIP5 [Hung et al., 2013] .
Summary
[32] In this section, we compared the observed characteristics of the temperature field near the CPT with the CMIP5 historical runs, focusing on the 100 hPa and ZLR temperatures. Individual models have notable strengths and weaknesses, but in general, the ensemble mean of the CMIP5 models perform reasonably well in simulating the observed climatology and variability in 100 hPa and ZLR temperatures. Key findings include the following:
[33] 1. Most CMIP5 models have a cold bias in the upper troposphere and a warm bias at 100 hPa, indicating a more stable TTL than in the observations (Figure 1) . The spatial structure of the climatological temperature field is well reproduced by all models (Figure 2 ). [34] 2. The seasonal cycle of ZLR temperature is well reproduced by the CMIP5 models. However, large intermodel differences are found in the seasonal cycle of the 100 hPa temperature ( Figure 3) ; some models exhibit essentially no seasonal cycle.
[35] 3. On interannual time scales, several models overestimate the near-tropopause temperature response associated with tropical volcanic eruptions (Figure 4) . The CMIP5 models simulate realistic temperature anomalies associated with ENSO ( Figure 5 ), while only a few models are capable of simulating QBO-related temperature variations in the lower stratosphere ( Figure 6 ).
[36] 4. Intraseasonal variability of the 100 hPa temperature is highly variable among the CMIP5 models in terms of amplitude, while KW, MRG, and EIG signatures are qualitatively reproduced by the models. The MJO signature in 100 hPa temperature is not well simulated in most models.
4. Future Projections: RCP 8. 5 (2006-2099) [37] In this section, we analyze the RCP 8.5 runs to identify possible changes in the CPT temperature over the 21st century. Figure 8a shows the time series of annual mean 100 hPa temperature, averaged over 15°N-15°S, in each of the RCP 8.5 integrations. Although there is large spread among the models, all of the models show a significant warming trend over the 21st century (see also Table 3 ). The multimodel mean trend is about 4 K century À1 and is statistically significant at the 99% confidence level. The warming trend is weaker at the ZLR level (1.5 K century
À1
) than at 100 hPa, but it is still significant in most CMIP5 models (Figure 8c) . A similar warming trend at the CPT is simulated by CCMs (0.5-1 K century À1 ), although these models are forced by a weaker greenhouse gas emission scenario (Special Report on Emissions Scenarios A1B) than the RCP 8.5 scenario [Gettelman et al., 2010] .
[38] The warming trend at the 100 hPa and ZLR levels in the CMIP5 models contrasts to the cooling trend at 70 hPa. At 70 hPa, the annual mean tropical temperature is predicted to decrease in all models except IPSL-CM5A-MR (Figure 8b ; see also Table 3 ). The multimodel mean trend at 70 hPa is about À2 K century À1 and is also significant at the 99% confidence level. The change in the sign of the projected temperature trend between the 100 hPa and 70 hPa levels is consistent with the CMIP3 scenario integrations [Cordero and Forster, 2006; Son et al., 2009b] . ) temperature difference between two seasons, December-Feburary and June-August, at (a) 100 hPa, (b) 70 hPa, and (c) ZLR. Thin lines are the CMIP5 RCP 8.5 runs and thick red line is multimodel ensemble mean. In all plots, 5 year running mean is applied for clarity. [39] The tropical temperature trends are further illustrated in Figure 9 as a function of height. Warming trends extend throughout the tropical troposphere up to 100 hPa, and cooling trends extend throughout the tropical lower stratosphere above 70 hPa. The pattern is again consistent with CMIP3 modeling studies [Cordero and Forster, 2006; Son et al., 2009b] . The enhanced warming trend in the upper troposphere, which maximizes between 150 and 300 hPa, is commonly explained by tropical temperatures maintaining a moist adiabatic temperature lapse rate in a warming climate [Santer et al., 2005] . The cooling trends in the lower stratosphere are in part linked to the radiative effect of increasing greenhouse gases [e.g., Cordero and Forster, 2006] but might also be linked to enhanced tropical upwelling. The predicted strengthening of the BDC over the 21st century [Butchart et al., 2006] would promote tropical lower stratospheric cooling through (1) adiabatic cooling and (2) radiative cooling resulting from enhanced transport of low ozone air from the upper troposphere to the lower stratosphere. The latter is prescribed in CMIP5 models, which have a negative ozone trend in the tropical lower stratosphere (see Figure S5 ). Modeling experiments have suggested that this transport-induced ozone depletion is key to explaining recent tropical lower stratospheric cooling trends [Lamarque and Solomon, 2010; Polvani and Solomon, 2012] .
[40] The upper tropospheric warming and lower stratospheric cooling shown in Figure 9 have important implications for the tropical tropopause height. The projected changes would weaken static stability near the tropopause and shift the lapse-rate tropopause height upward [Santer, 2003; Son et al., 2009b; Gettelman et al., 2010] . A consistent rising trend (decrease in pressure) of the ZLR level is also found in most CMIP5 models (Table 3) , and several models show colder temperatures at 70 hPa than at 100 hPa by the end of the 21st century (Figure 9b) . However, the vertical resolution of the data is too coarse to capture the precise trend of the CPT height.
[41] Does the amplitude of the seasonal cycle in CPT temperature change in a warmer climate? To answer this question, Figure 10a shows annual time series of the amplitude of the seasonal cycle in 100 hPa temperature. Here, the amplitude of the seasonal cycle is measured by the difference in seasonal mean temperatures between June-August (JJA) and December-February (DJF). Although the trend is not strong, the majority of the models show a significant weakening trend of the seasonal cycle at 100 hPa over the 21st century ( Figure 10a and Table 4 ). A similar weakening trend is also observed at 70 hPa in nine models (Figure 10b and Table 4 ). The weakening trend of the seasonal cycle is roughly explained by a faster warming (slower cooling) in DJF than in JJA at 100 (70) hPa.
[42] In contrast to the 70 and 100 hPa temperatures, the seasonal cycle of the ZLR temperature exhibits no trend in multimodel mean with a large scatter among the models (Figure 10c ; see also Table 4) . A negligible or strengthening trend in the seasonal cycle of the ZLR temperature seems contradictory because the ZLR generally falls between the 70 and 100 hPa levels, where weakening trends are found. However, the answer can be found in the seasonal change in ZLR height (refer to Figure 3c ). During Northern Hemispheric summer, the ZLR level is found near 100 hPa and affected by the 100 hPa temperature trend, which is warming, but during Northern Hemispheric winter, the ZLR level rises toward 70 hPa and is affected more by the 70 hPa temperature trend, which is cooling. The differential temperature trend in seasons (warming in JJA and cooling in DJF) leads to a strengthening in the seasonal cycle of the ZLR temperature.
[43] Changes in the seasonal cycle of temperatures near the CPT might be linked to seasonal trends in upwelling and ozone concentrations in the TTL. Previous studies have projected that tropical upwelling will intensify most strongly during Northern Hemisphere winter [Butchart et al., 2006; McLandress and Shepherd, 2009] , whereas the ozone field prescribed in most of the CMIP5 models shows a maximum percentage decrease at 70 hPa during Northern Hemisphere autumn ( Figure S5 ). However, neither the seasonality of the upwelling nor the ozone trends is consistent with the weakening of the seasonal cycle in the 70 hPa temperature that we find here.
Summary and Conclusions
[44] In this study, we examined the thermal structure and variability of the CPT in CMIP5 models. The historical simulations generally compare well to ERAI. The models successfully reproduce the large-scale spatial structure and seasonality of observed temperature near the CPT and capture reasonable interannual and intraseasonal variability associated with ENSO and convectively driven equatorial waves. Nevertheless, the models have several notable limitations. First, almost all models have a warm bias in the climatological mean temperature near the CPT (Figure 1) . Second, large intermodel differences occur in the amplitude of the seasonal cycle in 100 hPa temperature (Figure 3) . Third, several models overestimate tropical lower stratospheric warming associated with volcanic aerosols (Figure 4) . Fourth, the amplitudes and phase speeds of equatorial waves are highly variable among the models (Figure 7 ). Finally, a realistic QBO and MJO are missing in most of the models.
[45] Future projections of the TTL temperature in the CMIP5 models using the RCP 8.5 emissions scenario indicate warming at the 100 hPa and ZLR levels and cooling at the 70 hPa level throughout the 21st century (Figure 8 ). The amplitude of the seasonal cycle is projected to weaken in the 70 and 100 hPa temperatures, but no trend is detected in the ZLR temperature (Table 4 ). The tropical upper tropospheric warming and tropical lower stratospheric cooling are wellestablished signatures in climate change experiments [e.g., Santer et al., 2005; Cordero and Forster, 2006] . As a result, the ZLR height is projected to rise in future. However, with the coarse vertical resolution of the CMIP5 models in the TTL (greater than 1 km in most of the models), it is less clear what the exact temperature trends are for the CPT, which generally falls between 100 and 70 hPa.
[46] Because the vertical resolution of the CMIP5 models is limited, the CPT temperature can easily be misinterpreted in model results. In our results, we found a warm bias throughout the deep tropics near the CPT (1.8 K at 100 hPa in the multimodel ensemble). While the exact model bias at the cold-point tropopause is unknown, any overestimation of the cold-point temperature would result in a substantial overestimation of water vapor entering the tropical lowermost stratosphere. Based on the Clausius-Clapeyron equation, the warm bias of 1.8 K at 100 hPa would introduce a 1.7 ppmv (~34%) overestimation of saturation water vapor mixing ratio at that level. Although a positive trend in CPT temperature can be inferred from an increasing trend in the stratospheric water vapor during the 21st century in the CMIP5 RCP 8.5 runs (Maycock et al., 2012) , the fine-scale processes that govern stratospheric water vapor and the CPT temperature are unlikely to be well represented in CMIP5 models.
[47] Overall, CMIP5 models provide a reasonable representation of the climatology and variability of temperatures near the CPT. Yet, the coarse vertical resolution of the models and their nonnegligible biases in the climatology, seasonal cycle, and variability of the TTL limit their accuracy in the assessment of past, present, and future climates. As discussed above, the thermal structure at the CPT is intimately connected to a variety of stratospheric and tropospheric processes: deep convection, equatorial and extratropical waves, stratospheric circulation, and volcanic forcing. Improved CPT features can be expected with advances in the climate models' ability to reproduce these processes along with a higher vertical resolution in the TTL region.
by using
[55] It is worth noting that the calculation can be done without the assumption that p κ and T are constant. Because the lapse rate is a linear function of p κ (i.e., Γ = a + bp κ with constants a and b), we can integrate it directly. However, the difference between the two calculations is negligibly small (typically smaller than 0.02 K in T ZLR ).
[56] We evaluated the calculation by comparing the ZLR temperature with the observed CPT temperature for a Northern Hemisphere winter season. The ZLR is calculated using 6-hourly ERAI at reduced pressure levels (300, 250, 200, 150, 100, 70 , and 50 near the tropopause), and the CPT is obtained from COSMIC GPS radio occultation data. Figure A2 shows temperature and pressure at the CPT and ZLR during December 2006 to February 2007. The calculated ZLR temperature ( Figure A2b ) and pressure ( Figure A2e ) compare well with those at the CPT (Figures A2a and A2d) . The temperature bias is 1.8 K in the deep tropics (10°S-10°N) and~1 K in the subtropics, and the pressure bias is~3 hPa in the tropics. Despite these nonnegligible biases, the ZLR provides much better approximations for the CPT than the 100 hPa (compare shadings in Figure A2 ). Shading shows difference of the value from that of the CPT, i.e., (b) T ZLR À T CPT , (c) T 100hPa À T CPT , (e) P ZLR À P CPT , and (f) 100 hPa À P CPT . Temperature and pressure of the CPT are obtained from COSMIC GPS radio occultation measurements, and those of the ZLR and 100 hPa are from ERAI.
